Amongst the most critical quality measures that define the product quality surface roughness plays a vital role. This paper has attempted in developing an empirical second order model for the predicting the surface roughness in machining EN24 alloy steel using Response Surface Method. The experiments were conducted by varying cutting speeds, feed rates, and depths of cut in Kirloskar-Turnmaster 35, under dry cutting condition. The set response variable namely the surface roughness was measured using Surftest Mitutoyo as per Japanese standards. The cutting parameters were analyzed and optimized using Box Behnken procedure in the DESIGN EXPERT environment. The effect of process parameters with the output variable were predicted which indicates that the highest cutting speed has significant role in producing least surface roughness followed by feed and depth of cut. The optimized parameters are verified and validated through a validation experiment, which concurs with the predicted optimal value in the design of experiment and also inline to the previous researches.
Introduction
The surface roughness of machined components is an important design specification which has greater influence on properties such as wear resistance and fatigue strength (Onwubolu, 2005) . Surface with high roughness wear more quickly and have higher friction coefficients than smooth surfaces and hence many researchers have focused their study on the analysis and optimizing the surface roughness. As per the investigations (El-Baradie, 1993) and (Bandyopadhyay and Teo, 1990) , increased cutting speed has better surface quality and the productivity is maximized. Surface roughness plays an important role in many areas and is a factor of great importance in the evaluation of machining accuracy. (Palanikumar et al., 2006) has analyzed the surface roughness in machining the hard martensite stainless steel and indicated that the surface roughness is a critical parameter to the functionality of machined components and this will affect the quality of the product (Thamizhmanii et al, 2008) . Many researchers have concurred that, it is a characteristic that could influence the performance of the mechanical parts and the production costs. Better surface finish is possible by controlling the parameters involved in machining.
Using Artificial neural networks (ANN) and multiple regression approaches (Asilturk and Cunkas, 2011) has predicted surface roughness of AISI 1040 steel. In their study, the surface roughness was measured during turning at different cutting parameters and the experiments were carried out with full factorial design. Amongst machining operations Turning plays an important role where a single-point cutting tool removes material from the surface of a rotating cylindrical work piece (Nalbant et al, 2007) . Turning is carried on lathe that provides the power to turn the work piece at a given rotational speed and feed to the cutting tool at specified rate and depth of cut. Therefore the three important cutting parameters cutting speed (V c -m/sec), feed rate (f -mm/rev) and depth of cut (d -mm) need to be optimized to achieve lowest surface roughness (R a -µm) in a turning operation. The purpose of this work is to predict the optimal turning operation parameters which lead to the lowest surface roughness in the sample material of EN24 alloy steel bar stock under varying conditions using Response Surface Method. This is a mathematical and statistical technique, which is useful for modeling and analysis of problems in which output or response is influenced by several input variables and the objective is to find the correlation between the response and the variables investigated (Montgomery, 2001) . RSM was originally developed for the model fitting of physical experiments by (Box and Draper 1954) and later adopted in other fields. RS model is formulated as a polynomial function. (Oktema et al., 2005) has utilised RSM to create RS model, by developing a computer program written in MATLAB programming language. Box-Behnken Design is normally used when performing non-sequential experiments. That is, performing the experiment only once (Mason et al., 2003) . In this paper the Box Behnken (BBD) has been utilized for the designing and analysis of the experiment. Machining experiments were conducted by (Lalwani et al., 2008) based on response surface methodology (RSM) and sequential approach using face centered central composite design in finish hard turning of MDN250 steel and depicted that depth of cut is the dominant contributor to the feed force. (Khaider Bouacha et al, 2010) used RSM and conducted experiments on hard AISI 52100 bearing steel with CBN tool, the study indicates depth of cut exhibits maximum influence on cutting forces as compared to the feed rate and cutting speed. (Karin Kandananond, 2010) has presented his work to determine the optimal cutting conditions to obtain surface roughness in a turning process for AISI 12L14 Steel. The results indicate that the surface roughness is minimized when the depth of cut is set to the lowest level, while the spindle speed and feed rate are set to the highest levels. EN24 is an alloy steel with high tensile strength with good shock resistance and resistance to wear. This steel also known as 817M40, equivalent to SAE (AISI)4340 and 34CrNiMo6. This is widely utilised for the manufacture of gears, shafts and other mechanical engineering components, where good tensile and impact properties are important. The cutting parameters influencing the surface finish in EN24 is to be studied for understanding the behaviour of the material. This work studies the optimal cutting conditions to achieve the lowest surface roughness in EN24. The analysis carried out and is confirmed with the experimental verification.
Surface Roughness -An Overview
An investigation has revealed that when the cutting speed is increased, productivity can be maximized and, meanwhile, surface quality can be improved (Alauddin et al., 1997) . Many researchers have conducted experiments to determine the effect of parameters such as average roughness (R a ), Root Mean Square (RMS) and maximum peak to valley. The theoretical arithmetic average surface roughness (mm), f is the feed rate (mm/rev); R is the tool nose radius in (mm).
The above formula depicts that decreasing the feed rate with increased tool nose radius provides the lowest surface roughness. A portion stretching over a reference length in the direction in which the average line extends is cut out from the roughness curve. This portion is presented in a new graph with the X axis extending in the same direction as the average line and the Y axis representing the magnitude. R a is represented by the equation shown below, in microns (µm). Where, L indicates the sample length, which is as noted in Figure 1 . 
1.2 Maximum Height R y Figure 2 indicates the portion stretching over a reference length in the direction in which the average line extends is cut out from the roughness curve. The gap between the peak line and the trough line is measured in the direction in which the magnitude axis extends, in (µm).
Ten Spot Average Roughness R z
A portion stretching over a reference length in the direction in which the average line extends is cut out from the roughness curve. The average of the levels (Y p ) of the highest peak to the fifth highest peak as measured from the average line and the average of the levels (Y p ) of the lowest trough to the fifth lowest trough similarly measured in the said portion are added together. R z is this sum, in microns (µm).
Methodology
RSM is a collection of mathematical and statistical techniques that are useful for modeling and analysis of problems in which output or response is influenced by several input variables and the objective is to find the correlation between the response and the variables investigated (Montgomery, 2001 ). Choudhury and El-Baradie (1997) used RSM and 2 3 factorial designs for predicting surface roughness when turning high-strength steel. (Box and Wilson, 1954) proposed the RSM for determining the operating conditions of chemical process with optimization of a specific response. In order to develop the response surface model, firstly the function must be assumed as a mathematical polynomial form having coefficients that should be determined. And then these coefficients are determined with applying the set of the experimental results (Box and Wilson, 1954) . RSM is one of the Design of Experiments (DOE) methods used to approximate an unknown function for which only a few values are computed. These relations are then modeled by using least square error fitting of the response surface.
Two types of RSM is available for experimentation and they are Rotational Central Composite Design (RCCD) and BoxBehnken Design (BBD). A RCCD can be used when a comparatively accurate prediction of all response variable averages related to quantities measured during experimentation (Kwak et al., 2006) . Box-Behnken Design is normally used when performing nonsequential experiments. That is, performing the experiment only once (Mason et al., 2003) . Both of these methodologies require a quadratic relationship between the experimental factor and the responses. These designs allow efficient estimation of the first and second -order coefficients. Box-Behnken design involves fewer design points, they are less expensive to run than central composite designs with the same number of factors. Box-Behnken Design do not have axial points, thus we can be sure that all design points fall within the safe operating (Kadirgama et al., 2009) . In this paper the Box Behnken (BBD) has been utilized for the designing and analysis of the experiment. 
Plan of Experiments
An important stage of RS model generation by RSM is the planning of experiments. There are a large number of parameters that could be considered for machining of a particular material in Turning. However, the review of literature shows that the following three machining parameters are the most widespread among the researchers and machinists to control the turning process. In the
Identify influencing factors for least surface finish
Develop experimental design using Box Behnken
Execute the experiments as per the design matrix
Create quadratic mathematical model
Checking the adequacy of the developed model by ANOVA method Analyzing and predicting the effect of different parameters on the surface roughness present study these are selected as design factors while other parameters have been assumed to be constant over the experimental domain. As seen in Table 1 , three cutting parameters the cutting speed (Vc-m/min), feed (f-mm/rev), and depth of cut (d-mm) were raised to three level as per BBD. The completed experimental design layout is in Table 2 shows a 17-trial experimental design and all the experiments were carried out randomly to minimize the effect of unexplained variability in the observed responses due to extraneous factors. The proposed layout of the methodology is depicted in the 
where '' y = surface roughness. A portion stretching over a reference length in the direction in which the average line extends is cut out from the roughness curve. The average of the levels (Y p ) of the highest peak to the fifth highest peak as measured from the average line and the average of the levels (Y p ) of the lowest trough to the fifth lowest trough similarly measured in the said portion are added together. R z is this sum, in microns (µm) (JIS Standard).
Experimental Execution
Experiments were carried out on a Turnmaster-35 Kirloskar lathe machine. Commercial High Speed Steel with ½" square was used as cutting tool. The diameter and the length of the work piece were maintained as 50mm and 100mm respectively. The machining parameters were limited to cutting with two levels (44, 111.5 m/min), depth of cut with two levels (0.2, 0.8mm), feed rate with two levels (0.1, 0.5 mm/rev). After setting up the different levels of parameter, it is conducted the experiment using the factors as indicted in the 3.41 3.10 3.14 3.20 * Ra = 1/3(Run 1+Run 2+Run 3). The measured profile has been digitized and processed through the dedicated surface finish analysis software Surftest SJ-301.
Surface Measurement
Roughness measurement has been carried out using a portable stylus-type surface measuring instrument developed for shop floor use. SURFTEST SJ-301, Mitutoyo make is a self-contained instrument for the measurement of surface textures with variety of parameters according to various national and international standards which include JIS-B-0601-1994, JIS-B-061-1982, DIN, ISO and ANSI. Surface roughness is determined from the vertical stylus displacement produced during the detector traverse on the surface irregularities. The measurement results are displayed on digitally/graphically on the touch panel, and the output to the built in printer. Initially the instrument was calibrated with the master specimen provided. After calibration, it is setup as in Fig 4a and the machined samples were measured for smoothness at 3 different locations. The average of the three measurements of surface roughness parameter values has been recorded and used as response value in the experiment Table 3 .
Analysis of Experiment
A commercial statistical analysis software DESIGN-EXPERT was employed for design and analyze the experiment. In DESIGN-EXPERT, RSM is used to find a combination of factors which gives the optimal response. The experimental results were analyzed with Analysis Of Variance (ANOVA), which is used for identifying the factors significantly affecting the performance measures.
ANOVA Output
The Anova uses different terms where, Sum of Squares is the Sum of the squared differences between the average values for the blocks and the overall mean. Degrees of freedom are generally equal to one less than the number of blocks. The mean square is the estimate of the block variance, calculated by the block sum of squares divided by block degrees of freedom. The sum of squares is the total of the sum of squares for the terms in the model, as reported in the effects list for factorials and on the Model screen for RSM. Mean Square is an estimate of the model variance, calculated by the model sum of squares divided by model degrees of freedom. F Value is a test for comparing model variance with residual (error) variance. If the variances are close to the same, the ratio will be close to one and it is less likely that any of the factors have a significant effect on the response. This is calculated by Model Mean Square divided by Residual Mean Square. Table 4 depicts the Anova for cutting parameters and response. The Prob> F is the Probability of seeing the observed F value if the null hypothesis is true (there is no factor effect). Small probability values call for rejection of the null hypothesis. The probability equals the proportion of the area under the curve of the F-distribution that lies beyond the observed F value. The F distribution itself is determined by the degrees of freedom associated with the variances being compared. The present Model Fvalue of 12.96 implies the model is significant and it is noted that there is only a 0.14% chance that a "Model F-Value" this large could occur due to noise. The factors possessing the values of "Prob> F" less than 0.0500 indicate model terms are significant. In this model, the parameters A, B, C, AB, BC, B 2 are significant model terms. 
Diagnostics of the case studies
The normal probability plots of the residuals and the plots of the residuals versus the predicted response for surface roughness and is shown in Figure 5 . A check on the plots in Figure 5a reveals that the residuals fall on a straight line implying that the errors are distributed normally. The outlier points are verified by checking for any points lying outside the red lines. It is evident from the Figures 5b and 5c, all points line inside the red lines, which ensures that the model fit well. As observed from the figure 5d, the blue line shows the current transformation. In this case it points to a value of 1 for "Lambda," which symbolizes the power applied to the response values. The observed lambda value is 1, which indicates no transformation is required. The green line indicates the best lambda value which is 0.48, while the red lines indicate the 95% confidence interval surrounding it. Since this 95% confidence interval includes 1, then the model needs no transformation. The model is in the optimal zone since the blue line falls within the red lines. Therefore no change need be made in the response transformation. Table 5 indicates the diagnostics of the case studies which depicts standard order and run order noted at the extreme columns of the table. The actual and the predicted values along with the residuals are indicated in the next columns. The internally and externally studentised residuals are as seen in the column six and seven. It was also discussed at the beginning of this section that all design points lie within the limits in figure 5b and figure 5c and no outlier was notified and hence the model was considered for further studies.
Results and Discussion
In this work, two of the three machining parameters namely cutting speed, feed rate, and depth of cut were correlated. The minimum response is achieved by using the relations as below. 
In this case Factor A, B, C, AB, BC, B 2 i.e., The cutting feed is the most significant model term followed by speed and the depth of cut. The probability value that is associated with the F Value for these terms are as in Table 4 . Since these factor has a probability value less than 0.05 it is considered to have a significant effect on the response. There are not many insignificant model terms noticed in this study and analysis and hence there is no need for model reduction and improvement of the model. The "Lack of Fit F-value" of 0.21 implies the Lack of Fit is not significant relative to the pure error. There is a 88.59 % chance that a "Lack of Fit F-value" this large could occur due to noise. The non-significant lack of fit is noticed in this model and hence model is good. The "Pred R-Squared" of 0.8011 is in reasonable agreement with the "Adj R-Squared" of 0.8706. and the "Adeq Precision" measures the signal to noise ratio. This model is reported to have a ratio 14.773, which indicates an adequate signal, since the minimum required is 4.
The surface roughness response ranges from 1.8 to 3.8. The ratio of maximum to minimum surface roughness is 2.05405, since this value is less than 3; a power transform was not required, as it will have a little effect. The study has revealed that decrease in cutting speed the roughness response value was decreased. The perturbation plot seen in Figure 5 compares the effect of the factors Speed, Feed and depth of cut at a particular point in the design space. The response is plotted by changing only one factor over its range while holding of the other factors constant. The reference point is changed to be the optimal run conditions. The optimal run conditions which provide the lowest surface finish noted from the figure 5 and figure 6. The value is noted to be 1.38 µm, corresponds to the Cutting speed (111.5m/s), Feed (0.1 mm/rev) and the depth of cut (0.2 mm). A steep slope for the factor B (The feed rate ) shows that the response is sensitive to that factor. A relatively less steep slope for other factors indicates that they are relatively less sensitive to the response . The surface roughness as read from the legend varies from 1.85 to 3.8 microns, which is the range of the response in the plots discussed in forthcoming sections. The study was carried out based on the legend and color coding. The figure 6a,6b,6c depicts the contour plot which is a two dimensional representation of the response for selected factors providing the interaction effect of the factors B and C with the cutting speed 44, 77.5,111.5 m/sec respectively. The corresponding the 3D plots are seen in figure 7a , 7b,7c. On observation and analysis of the contour and interaction plot 6a and 7a, 6b and 7b, 6c and 7c, for the factor B and C, it is evident that the surface roughness pertaining to this experiment is least pronounced when the spindle speed is at 111.5 , the feed rate is 0.1 and the depth of cut is 0.2mm. The surface roughness corresponding to this is 1.38 µm. The response is very high when the Speed is maintained at low level i.e., 44m/s. The response noticed corresponding to this is 3.85 µm. This is observed from figure 6a and 7a. In line to the discussions, the Figures 10a,10b ,10c depict the contour plot which is a two-dimensional representation of the response for selected factors providing the interaction effect of the factors A and C. The respective 3D plots are seen in figure 11a , 11b,11c. The observation and analysis of the contour and interaction plot 11a and 12a for the factor A and C indicates that the surface roughness is least pronounced when cutting speed cutting speed (111.5m/s), feed rate (0.1mm/rev) with the depth of cut (0.2mm), the lowest surface roughness value is noted to be 1.385µm. The response is very high when the Cutting speed is (44m/s), Feed (0.3 mm/rev) and the depth of cut (0.8mm), which is 3.05microns. This is as noted in 11c and 12c. 
Validation of the experiment
With the experimental setup, a confirmation and validation experiment was conducted using the optimal cutting parameters calculated from the study. In this the Feed rate was (0.1mm/rev) and cutting speed (111.5 m/min) and of depth of cut (0.2 mm). Three runs of validation experiment was carried out and the average output of the measured response was noted to be 1.39microns refer figure 13. The output of the surftest was observed to fall in line with the values noted in the cube surface roughness plot referred in figure 12 . It is also noted that there was a variation of 0.005 microns with the values predicted through the equations. The variation in the predicted versus the actual value of the response is so small that it was neglected. The output of the response ensures that the optimal conditions predicted through the DESIGN-EXPERT concurs with the experimental result and noted in figure 13 . The empirical second order model predicted through the design was accepted to fit and accurate in the limits fixed during the design. 
Conclusions and Recommendations
In this work the effects of the depth of cut, spindle speed, and feed rate on surface roughness were quantified using the BoxBehnken design, which is one of the most commonly used RSM techniques. A empirical second order model predicting equations for surface roughness have been developed using response surface methodology for machining EN24 with standard high speed tools. The established equations clearly show that the cutting speed is main influencing factor on the surface roughness. Based on the designed experiments from RSM and further experimental machining carried out for EN24 material, and measured from Surftest, it is concluded that the Factor B, the feed rate is the significant model term followed by cutting speed and depth of cut.
• The probability value that is associated with the F value for this term is 0.0014. Since this factor has a probability value less than 0.05 it is considered to have a significant effect on the response, hence when it is maintained at the upper limit produces the better surface finish.
• The result falls in line to the study carried out by El-Baradie and Bandyopadhyay, Khaider Bouacha et al and other such researchers. It is concluded that the feed rate is the predominant contributor to the better surface finish followed by the spindle speed and depth of cut. The present study reflects that when the feed rate is 0.1mm/rev and cutting speed 111.5 m/min and depth of cut of 0.2 mm the lowest surface finish is attained.
• The model validation proves that the empirical model developed is accurate and has the capability to predict the value of the response within the limits of the factors investigated.
• The quadratic models developed using RSM noticed to be reasonably accurate and can be used for predicting within the bounds of the factors investigated.
• Apart from cutting parameters considered, it was noticed machine tool vibrations, chatter and other such factors may also contributes to the poor surface roughness. Above such factors for the present analyses was not considered due to the scope of present study. The authors feel that this study will help in process improvement problem and the results obtained by this method will be useful to other researches for similar type of study and may be eye opening for further research on tool vibrations, cutting forces etc.
